Noninvasive genetics based on microsatellite markers has become an indispensable tool for wildlife monitoring and conservation research over the past decades. However, microsatellites have several drawbacks, such as the lack of standardisation between laboratories and high error rates. Here, we propose an alternative single-nucleotide polymorphism (SNP)-based marker system for noninvasively collected samples, which promises to solve these problems. Using nanofluidic SNP genotyping technology (Fluidigm), we genotyped 158 wolf samples (tissue, scats, hairs, urine) for 192 SNP loci selected from the Affymetrix v2 Canine SNP Array. We carefully selected an optimised final set of 96 SNPs (and discarded the worse half), based on assay performance and reliability. We found rates of missing data in this SNP set of <10% and genotyping error of~1%, which improves genotyping accuracy by nearly an order of magnitude when compared to published data for other marker types. Our approach provides a tool for rapid and cost-effective genotyping of noninvasively collected wildlife samples. The ability to standardise genotype scoring combined with low error rates promises to constitute a major technological advancement and could establish SNPs as a standard marker for future wildlife monitoring.
Introduction
The return of large carnivore species (Enserink & Vogel 2006) to previously unoccupied habitats requires efficient monitoring to provide the data necessary for effective conservation and wildlife management. However, reliable data on species occurrences and densities are difficult to obtain, due to the rarity and elusiveness of these species (Guschanski et al. 2009; K ery et al. 2011) . For this reason, molecular genotyping of noninvasively collected samples such as hair or scat material, usually performed with great success by microsatellite analysis, is often applied to assist traditional monitoring (Linnell et al. 2007) .
Microsatellites are arrays of short tandem repeats (STRs) of 1 6-bp-long DNA sequence motifs. The number of repeats in these arrays is often highly variable among individuals (Selkoe & Toonen 2006) , resulting in high numbers of alleles per microsatellite locus. The statistical power and resolution of genotyping that can be achieved with few markers but many alleles made microsatellites the marker of choice for the majority of studies in population genetics and wildlife monitoring over the past decades (Schl€ otterer 2004; Selkoe & Toonen 2006) . These properties have made microsatellite genotyping a success particularly in wildlife and conservation genetics, but microsatellites have significant drawbacks as well. Mutation mode is complex and unclear (Schl€ otterer et al. 1998) , and PCR artefacts such as stutter bands complicate automated allele calling. Noninvasively collected samples are particularly prone to high error rates (Taberlet et al. 1999) which are usually countered by applying a multiple-tubes approach (Navidi et al. 1992) , or by meticulously reviewing raw data of fragment length analyses along with specific allelic ladders in forensic applications (Hellmann et al. 2006 (Hellmann et al. , 2007 . The former of these strategies is expensive and labour intensive, while the latter is particularly time-consuming. Moreover, initial automation in microsatellite genotyping and standardisation between laboratories requires substantial efforts in nonmodel organisms. This severely complicates collaboration between working groups and cross-boundary wildlife management especially for large-range dispersers and has led to a splitting of monitoring activities across Europe for many species.
Single-nucleotide polymorphisms (SNPs) have gained attention as a population genetic molecular marker (Schl€ otterer 2004) . SNPs are positions in the genome of an organism constituting a stable polymorphism between individuals in a species with the minor allele segregating at a frequency of at least 1% (Brookes 1999) . The use of SNPs in ecology, evolution and conservation has long been proposed because of their advantages over microsatellites, such as known and predictable mutation modes and their high abundance throughout the whole genome (Morin et al. 2004) . SNP-based genetic data can be easily standardised and do not depend on the laboratory or technology used. Thus, unlike most microsatellite data sets, SNP data can be readily incorporated in shared genetic databases. A key limitation to the routine application of SNPs in wildlife genetics is the lack of genotyping technologies optimised for noninvasively collected samples. By their nature, SNP loci carry fewer alleles than microsatellites, and even though it depends on many complex characteristics such as number and population frequencies of alleles per locus, a two-to sixfold increase in the number of markers is required to offset their lower statistical power (G€ arke et al. 2012) ; however, this depends on the question being investigated and does not rise linearly (Schopen et al. 2008 ). This amounts to 50 100 SNPs to provide statistical power similar to the 10 20 microsatellites used routinely in noninvasive wildlife monitoring studies.
Significant improvements in SNP genotyping such as multiplexing and automation (Chen & Sullivan 2003; Black & Vontas 2007) have enabled wildlife biologists to utilise several hundreds of SNPs for studying wild populations (Willing et al. 2010; Jonker et al. 2013; Kraus et al. 2013) . Multiplexed SNP genotyping mostly involves large-scale SNP chips, which are either specifically developed for the target species (van Bers et al. 2012) or are derived from genomic resources of related model or domesticated species (Ramos et al. 2009; Pertoldi et al. 2010; vonHoldt et al. 2011; Ogden et al. 2012; Hoffman et al. 2013) . Alternatively, smaller SNP panels can be genotyped in many more individuals with technologies such as Illumina Bead Arrays (Fan et al. 2006) or Sequenom MassARRAY iPLEX (Bray et al. 2001) . All of these technologies require high-quality and/or high-quantity DNA samples. However, noninvasively collected samples, such as hair, scat or urine, provide DNA of particularly low quality (due to DNA degradation) and low quantity. Such samples have so far been genotyped at each SNP separately (Morin & McCarthy 2007) . Thus, to genotype the necessary number of SNPs required substantial manual effort and consumed large quantities of DNA.
Whole genome amplification has been discussed as one possible solution to overcome the problem of low DNA quantity (Kittler et al. 2002; Lasken & Egholm 2003) , but such methods have been shown to be heavily biased towards amplification of longer fragments (Bergen et al. 2005) and can be prohibitively expensive. The bias towards amplifying longer fragments is particularly worrisome for noninvasively collected material as it favours amplification of nondegraded, that is nontarget DNA such as bacterial DNA present in the sample, or exogenous contamination with human DNA. The limited amount of target DNA extracted from noninvasively collected samples requires an economical use of DNA. Nanoscale genetic analyses on microfluidic platforms (Senapati et al. 2009 ) have been developed to scale down the required amounts of both expensive chemistry and precious DNA. Wang et al. (2009) introduced a platform which can reduce PCR reactions to 6 nL volumes while also offering a high level of automation. Combining this with single-plex SNP genotyping promises to be a costeffective, robust, sample material conserving and fast approach that will probably prove valuable for work involving noninvasively collected samples.
In this study, we developed a 96-SNP panel for the grey wolf (Canis lupus) and provide genotyping protocols for noninvasively collected samples on the nanofluidic Dynamic Array Chip technology by Fluidigm Corp. (San Francisco, USA). Large-scale dog genomic resources (Lindblad-Toh et al. 2005; Boyko et al. 2010 ) have previously been applied to several wild canid species (e.g. vonHoldt et al. 2011). However, beyond the work of Seddon et al. (2005) , which involved only tissue samples, a small panel of 24 SNPs, and used single-plex genotyping, no advances have been made in the development of SNP markers for noninvasive monitoring of wolf. Thus, for wolves, but also in general, the aim of our study was to provide guidelines on how to mine SNP markers from published resources, develop assays and protocols for genotyping 96 high-quality SNP markers simultaneously, and evaluate genotyping performance with respect to missing data and error susceptibility.
Materials and methods
Wolf samples and DNA isolation DNA was extracted from several sample types: tissue (N 25), blood (N 14), scat (N 87), saliva (freshly collected, N 11, and collected from wounds of kills, N 1), urine/snow mixture (N 10), urine stains with oestrus blood (N 4) and hair (N 6) samples. Some samples were genotyped in duplicates or triplicates as internal controls: three tissue samples, five blood samples, nine scat samples, three saliva samples, one kill/ saliva sample, three urine and one oestrus blood/urine sample. For a list of samples, see Supplementary File 'sample list.xlsx' on the Dryad data repository. Due to routine genetic wolf monitoring in Germany (Harms et al. 2011) , individual identities and sexes of all samples were known, and in many cases, familial relationships had been established using pedigree reconstruction (V. Harms, unpublished data). Although mainly German samples were available to us, we also included samples from Italy (N 8), Poland (N 4), Slovakia (N 1) and Hungary (N 1) in order that as many alleles as possible are represented within our data set. To test for cross-species amplification, we included potential wolf prey species in our analyses because their DNA is expected to be present in wolf faeces or as contaminant DNA in saliva samples from wolf kills: Eurasian beaver Castor fiber (tissue; N 4), wild boar Sus scrofa (tissue; N 3), fox Vulpes vulpes (hair; N 2), goat Capra aegagrus hircus (hair; N 2), roe deer Capreolus capreolus (hair; N 2), sheep Ovies aries (tissue; N 2), wildcat Felis silvestris (hair; N 2), and one of each cattle Bos primigenius taurus (hair), edible dormouse Glis glis (tissue), European hare Lepus europaeus (tissue), mouflon Ovis aries orientalis (tissue), and racoon Procyon lotor (tissue).
All DNA extractions were carried out using Qiagen Kits (Hilden, Germany) and QIAcube 230V robotics, as per manufacturer instructions. DNA from noninvasively collected samples was isolated in a laboratory room dedicated to processing of noninvasively collected sample material (Taberlet et al. 1999) . We extracted DNA from tissue, frozen and/or in ethanol, and blood on FTA cards (Smith & Burgoyne 2004) , with the Qiagen DNeasy Blood & Tissue Kit and diluted DNA to 5 ng/lL, as measured on a Nanodrop ND-1000 (Thermo Scientific, Waltham, MA, USA), for further analyses. Scat samples were stored in 96% ethanol at room temperature, typically for 1 2 weeks, until DNA isolation with the QIAamp DNA Stool Mini Kit, and kept at À20°C for long-term storage. We processed saliva and hairs (singly or pooled tuft hairs), stored dry at room temperature, with the QIAamp DNA Investigator Kit. Urine was collected from snow, transported to the laboratory frozen, and DNA extraction was performed according to Hausknecht et al. (2007) .
SNP selection from Affymetrix data
Single-nucleotide polymorphisms were initially selected from data on 79 European grey wolves genotyped for 60 584 SNPs on the Affymetrix v2 Canine SNP Array from the canfam2 dog genome assembly (vonHoldt et al. 2011) (Table S1 , Supporting information; unfortunately these 79 samples were not available to us for later stages of this study, that is for Fluidigm genotyping with our 96 SNP panel). Treating all wolves as one population, we filtered for segregating SNPs that had at least 10% observed heterozygosity and that showed no significant deviations from Hardy Weinberg equilibrium (HWE) using PLINK (Purcell et al. 2007) 
Assay development and genotyping
From the 667 SNP candidates, we selected 192 which were distributed on as many chromosomes as possible and designed two sets of 96 Fluidigm SNPtype assays to match the technical layout of Fluidigm's technology for genotyping biallelic SNPs on the '96.96 Dynamic Array Chip for Genotyping' (http://www.fluidigm.com). Similar to Amplifluor genotyping (see Rickert et al. 2004; Morin & McCarthy 2007) , one pair of primers first amplifies the locus in which the SNP is located, followed by allele-specific internal PCR in which each allele-specific primer is fluorescently labelled. Before entering the genotyping reaction, all 96 SNP loci are preamplified in a so-called specific target amplification (STA) reaction, using 1.25 lL of template DNA (20 ng/lL by manufacturer recommendation) and all 96 locus-specific primers in the same PCR. For details of the method, see Nussberger et al. (2014) . Each of the two sets was genotyped on IFCs (integrated fluidic circuits) containing the above-mentioned samples and 11 nontemplate controls (NTCs). These IFCs harbour nanoscale PCR reaction chambers with reaction volumes of 6 nL, into which 96 samples and 96 SNP assays are loaded by the user. The dispersion of 96 assays by 96 samples into 9216 nano-PCR chambers is performed on Fluidigm IFC controllers (Wang et al. 2009 ). We modified the original genotyping protocol to accommodate for the low DNA quality and quantity of noninvasively collected samples. Initial STA products were diluted 1:10 instead of 1:100 as recommended by the manufacturer. The number of cycles were extended from 38 PCR cycles (recommended by the manufacturer; hereafter referred to as 'c1') to 42 cycles ('c2'), 46 cycles ('c3') and 50 cycles ('c4') hereafter referred to as 'genotyping treatments'.
All NTCs showing significant fluorescence were invalidated manually before applying the clustering algorithm, a strategy advised by Fluidigm. Loci for which all NTCs had to be excluded were set to missing data in all samples. Note that NTC samples regularly display fluorescence signals in the absence of template DNA on the Fluidigm system. This is no point of particular concern. In the presence of template DNA, PCR competition will favour the matching target. Additionally, contamination can be excluded because those NTCs do not consistently yield genotypes across all SNP assays (Beatrice Nussberger and Fluidigm Support Service, personal communication). With careful scrutiny and exclusion of samples that fail at a large proportion of loci, it should be possible to filter out most if not all spurious genotypes. Eventually, visual inspection of genotype clustering across the four genotyping treatments favoured genotyping treatment 'c2' regarding the tradeoffs between cluster tightness, missing data values and error frequency. Thus, c2 was later used for calculations in the 'final' 96 SNP set (see Results for details).
Genotype evaluation and error calculation
Across all four genotyping treatments and for every SNP, we curated cluster plots manually in a combined analysis of all 277 samples in the Fluidigm SNP GENOTYP-ING ANALYSIS SOFTWARE V3.1.2. Genotypes were exported into table format for further manual evaluation and genotyping error calculation. Three measures of genotyping consistency were employed: (i) general assay performance, (ii) genotyping consistency across dilution series and (iii) genotyping consistency across samples of the same individual. (i)General assay performance: for each SNP, we counted the number of samples which lacked an assigned genotype (missing data). Further, we counted how often a prey species sample was assigned a wolf SNP genotype (cross-species testing).
(ii)Consistency across dilution series: we chose 23 samples of 'good-quality' DNA obtained from tissue or blood (hereafter referred to as 'reference samples') to determine rates of missing data and genotyping consistency across four DNA concentrations: 5 (reference sample), 2, 0.5 and 0.2 ng/lL. First, means of missing data counts for all loci across the 23 reference samples were calculated for all four concentrations. Second, genotypes of samples of the three dilutions were compared to the 5 ng/lL reference sample and errors scored either as allelic dropout (i.e. an allele present in the reference sample is absent in the dilution) or false allele (i.e. an allele present in the dilution is absent in the reference). Differences in rates of missing data or errors between dilution steps were tested for statistical significance with the wilcox.exact() test in R (R Development Core Team 2009) from the 'EXACTRANKTESTS' package because the data contained ties and nearly all data sets had a non-normal dis-
(iii)Genotyping consistency across samples of the same individual: for 38 wolves, we had multiple samples comprising one 'high-quality reference sample' and at least one noninvasively collected sample. Samples were considered 'failed' for a specific genotyping treatment when having >25% of SNPs showing missing data. Failed samples were excluded from this analysis to avoid sample bias. Similarly, SNP assays were considered 'failed' when >50% of nonexcluded samples (after having applied the 25% criterion above) showed missing data; these were also not included in evaluating genotyping error (assay bias avoidance). Allelic differences between reference sample and its noninvasively collected counterparts were scored as allelic dropout or false allele.
Selection of the final 96 SNP set
To achieve our target of selecting 96 reliable SNPs for the assay, we first excluded SNPs with missing data in >10% of the wolf samples from our initial 192 SNP set. Next, we excluded SNPs bearing two or more genotyping errors in the genotyping consistency check (measure iii). Combined, this led to a removal of 69 SNPs of the 192. To trim the total number of SNPs down to 96 (the number of SNPs that can be processed on the IFC), we removed the 27 SNPs with the visually lowest quality based on the SNP scatter plots of the genotyping software.
Additionally, we tested this final set of 96 SNPs for their performance regarding individual identification. As a preliminary means to approach this, we estimated the probability of identity (PID) and the probability of identity among siblings (PID sib ). We searched our data of German wolves (to not inflate statistical power by inclusion of remote populations) for one sample per individual, where we chose the sample with the least missing data when multiple samples were available. Then, we removed samples with missing data at more than 25% of loci (see above). PID and PIDsib were calculated in GENAL-EX 6.501 (Peakall & Smouse 2006) .
Results

General assay performance (i)
Tables with raw genotype output are available via the Dryad data repository. Missing data rates per SNP were similar among genotyping treatments c1 c4 ( Albeit not significant, probably due to small samples size and large spread, there was an apparent trend for decreasing missing data from c1 to c2, but the decrease from c2 to c3 and c4 appeared rather marginal (Fig. 1) . In c3, for 155 SNPs, missing data were below 10% among all wolf samples ('well-performing loci'), followed by 150 SNPs in c2, 149 SNPs in c4 and 122 SNPs incl.
Cross-species testing revealed genotype calls in potential prey species. There was no obvious pattern for which taxon had the highest cross-amplification success or under which assay conditions cross-amplification was the lowest. In the absence of wolf DNA, between 22 (c4) and 53 (c1), SNPs produced a genotype in <10% of the tested 22 wolf prey species samples. However, the mean number of successfully amplifying SNPs per sample in prey species was as low as 32%. Therefore, if no wolf DNA was present in a scat sample, contamination from prey leading to spurious multilocus genotypes are sometimes generated in the absence of template DNA, but these genotypes are incomplete and so can easily be detected and removed.
Genotyping consistency across dilution series (ii)
Variation in missing data and genotyping error rates across loci, dilution series and genotyping treatments Table 1 Amounts of missing data across all SNPs for each treat ment. Given are medians with their 1st (Ql) and 3rd (Q3) quar tiles. Cf. Fig. 1 was considerable. Although statistical tests for differences between successive dilutions yielded insignificant outcomes (Fig. 2) , there was a trend towards an increase in missing data and genotyping errors in higher dilutions. When comparing genotyping treatments, we also found no evidence for increasing cycle numbers to impact the rate of missing data or genotyping errors (Fig. 2) .
Genotyping consistency across samples of the same individual (iii)
Among all genotyping treatments, -10% of the samples had to be discarded according to the 25% missing data criterion (see Methods). The best performing genotyping treatment was found to be c2 (89.5% of samples usable; 
Selection of the final genotyping treatment and the core 96 SNPset
Overall, genotyping treatments were quite similar in their performances, but c2 showed slightly lower rates of missing data than cl. Because the ctifferences between the c2, c3 and c4 treatments were marginal, and because c2 required the smallest changes to the original Fluidigm treatment and entailed the lowest risk of creating PCR artefacts, we chose the c2 treatments to compare the full 192 with the final96 SNP set. Missing data (measure i) in the final 96 SNP set were slightly lower than in the 192 sets (median 15, Ql 12, Q3 19) but showed a strongly reduced spread (Fig. 1 ). We were able to select SNPs such that all 96 loci had <10% missing data in the wolf samples. Missing data and error rates in the dilution series (measure ii) were accordingly much lower for the final96 SNP set than in any of the four genotyping treatments of the 192 SNP set (Fig. 2) . The final error measures in (measure iii) were consistently lower than in the 192 set, while more samples were usable and more genotypes could be called. Dropout errors were only detected in 0.85% of all genotypes and false alleles in 0.21%, resulting in a total error rate of 1.06% in our final 96 SNP set (Table 1) . A list of names and assay configuration is available as Supplementary File 'plate layout 96 SNPs.xlsx' in the Dryad data repository.
Statistical power could be primarily tested with genotypes of 13 German wolves. The full set of 96 loci allows discriminating individuals with PID 6.97 9 10 À20 and PID sib 1.32 9 10 À10 . A probability of identity of <1 in 10 000 was already reached with a combination of 25 loci for PID and 47 loci for PID sib .
Discussion
Genetic wildlife monitoring (Schwartz et al. 2007; Luikart et al. 2010 ) is routinely used in addition to traditional conservation and management programmes (BareaAzc on et al. 2007; Gula et al. 2009; Hausknecht et al. 2010) . However, it usually requires significant sampling effort and the analysis of many samples and is therefore often both time and cost intensive (De Barba et al. 2010; Steyer et al. 2013) . Noninvasive sampling features many pitfalls and difficulties, including the need for replicated genotyping to overcome low success rates and genotyping errors, despite the relatively limited quantity of adequate sample material (Taberlet et al. 1999) . These issues have not been overcome in the two decades since the first implementations of 'noninvasive genetics' in the early 1990s (H€ oss et al. 1992; Taberlet & Bouvet 1992; Morin et al. 1993) . SNP marker panels, based on extensively tested multiplex PCR sets, are increasingly tested now in human forensics (Krjut skov et al. 2009; Westen et al. 2009 ).
Here, we present a cost-effective and feasible SNP genotyping method for noninvasively collected wildlife samples, which overcomes the often discussed problems of microsatellite analysis, such as high rates of genotyping error and the resulting need for multiple replicates. This promises to solve the often debated problems and pitfalls of noninvasive genetic monitoring, such as costly and laborious multiple replication, lack of standardisation between laboratories and consequently the lack of large-scale, cross-boundary genotype database projects for endangered wildlife.
Manually performed, labour-intensive single-plex SNP genotyping of difficult DNA samples, such as noninvasively collected or old material, has been performed before in wildlife forensics (Morin & McCarthy 2007) , but the reaction volumes of usually between 5 and 50 lL were of the orders of magnitudes higher than what we used here. Fluidigm SNPtype assays are designed for reaction volumes of only 6 nL, and our study represents a proof of principle that this system works well for low-quality and low-quantity DNA such as from noninvasively collected sample material. We showed that missing data was below 10% for every SNP in our final panel, which is low compared with the often high rates of missing data observed in microsatellite-based noninvasive studies (Fickel et al. 2012; Kopatz et al. 2012) .
Inference and handling of genotyping errors is a commonly reported issue in the noninvasive genetic monitoring literature, and the range of genotyping error rates can be huge from sometimes very little or no error at all to nearly 50% (Broquet & Petit 2004) . Assessing every detail of error rate estimation is beyond the scope of this study, but we present some examples to illustrate this point. In noninvasive microsatellite studies of wolf (Lucchini et al. 2002) or wildcat (Hartmann et al. 2013; Steyer et al. 2013) , it can be >10%, or 4% in beaver (Frosch et al. 2014) . Low error rates for microsatellites are usually achieved by replicate PCR. We improved genotyping accuracy greatly with our 96 SNP set (overall error ratẽ 1%) without the need for PCR replication. We also note that the comparison of our 192 SNP set with the final 96 SNP set is incomplete until an additional validation of our error rates with new samples in a new experiment has been carried out. It is premature to consistently compare our SNP genotyping error rate to error rates obtained by other studies. An often used genotyping system in molecular ecology studies is Illumina Bead Arrays (Fan et al. 2006; Jonker et al. 2013; Kraus et al. 2013) . A recent in-depth error assessment of this technology revealed an error rate of far below 1% (Hoffman et al. 2012) . This method relies on larger DNA template quantities that cannot be obtained by noninvasive sample collection. The few examples that exist for Fluidigm SNP genotyping also indicate a nearly 0% error rate, but also only when DNA template is of standard quality and quantity (Wang et al. 2009; Bhat et al. 2012) .
The ease of use of the presented method alone constitutes a major advantage. In the case of microsatellites, each sample requires three multiplex PCRs with four replicates each. The amount of template DNA needed for this procedure is 45.6 lL (NB: DNA isolation from scat yields large amounts of DNA due to large amounts of bacteria. For this is not target DNA, though, we do not quantify DNA in our isolates to measures such as nanograms and hence compare DNA isolate volumes rather than amounts of DNA). Therefore, precious samples are quickly used up and often not available for ascertaining unclear results or for follow-up studies. In contrast, the SNPtype method combined with Fluidigm's nanofluidic technology requires manual pipetting of only 96 preamplified samples and 96 prepared assays onto the IFC. Full factorial dispersion of 96 9 96 9216 PCR reactions is performed fully automated. Critically, as little as 1.25 lL per sample is used during STA for the first step of the SNPtype method. Source material containing very low amounts of DNA, such as single hairs (Nussberger et al. 2014) , can thus be used for DNA preparation with very low volumes of final elution buffer.
For microsatellites, genotyping costs include PCR chemistry and hot start polymerase, with subsequent fragment analysis on a capillary sequencer (no primers included in calculations) and replication. The analysis of one already isolated DNA sample costs 2.2 times as much as with the SNPtype method in our laboratory. Also for manual labour, the Fluidigm system is superior because of the many fewer pipetting steps. Initial assay costs (35 Euro per assay) are excluded in this estimate because the delivered amount of assays lasts for 14 400 samples (much cheaper than ordering primers for microsatellite genotyping). An order of 192 assays, to obtain 96 that work appropriately, therefore costs an initial sum of 6720 Euro. For microsatellites, such initial investment depends much on the study. For example, in a recent effort from our laboratory (Nowak et al. 2014) , we tested 81 primer pairs of which 45 loci were sequenced to establish their appropriateness. Of those, 29 primers were additionally ordered as fluorescently labelled ones. Approximately, this amounted to 3890 Euro set-up cost before genotyping. Thus, the cost difference between setting up SNP assays and microsatellite assays will only be around 3000 Euro. But as explained earlier, microsatellite primers need to be reordered more often than SNP assays. Another dimension of comparison of costs is equipment. Fluidigm equipment and set-up service costs about 110 000 Euro (Fluidigm EP1 system), while a second-hand ABI 3730xl sequencer (comparable in throughput to the Fluidigm machine) for microsatellite fragment analysis costs about 70 000 Euro. Further., the restriction to run entire IFCs can also constitute a drawback if small sample numbers have to be analysed. However, there are IFC layouts available for 48 samples/48 SNPs and 192 samples/24 SNPs (www.fluidigm.com). Eventually, when running small projects on rare species, the cheaper option might therefore still be microsatellites in terms of initial investment (certainly not in terms of hands-on laboratory work). However, initial cost differences are not huge and we believe the Fluidigm system will pay off quickly, especially when considering continuous species monitoring efforts.
In this study, we tested laboratory protocols for a parallel SNP genotyping platform, to adjust this system for use with noninvasively collected samples. Our approach is suitable to provide highly accurate genotypes for noninvasively collected samples. This requires that quality controls similar to ours are implemented to avoid the inclusion of qualitatively inferior samples, that is, evaluate missing data like we did (cf. our measure of genotyping consistency iii). Further, we show that sometimes the NTCs display fluorescent signals. This is intuitively wrong for a sample that actually represents a negative control. However, in the reaction set-up of the Fluidigm assays, the NTCs are mostly present to normalise fluorescence calculations. Similar to the KASPar assays from KBioscience (now LGC Genomics, Hoddesdon, UK), SNPtype assays contain a dual-FRET cassette in the master mix with its fluorophors bound on a complementary sequence to the specific assay primer tails. Thus, primer dimers can also sometimes produce a signal above the detection threshold in the absence of a PCR target DNA fragment. In preliminary tests, we have so far established that treating NTCs with an exonuclease I shrimp alkaline phosphatase (exo-sap) clean up after STA removes sufficient amounts of the unincorporated dNTPs and primers to reduce oversupplied fluorescence signals in the genotyping reaction. Next, we were advised by Fluidigm to also use NTCs that were not treated in the STA step to avoid increased levels of nonspecific fluorescence. Therefore, caution is needed when interpreting NTCs and further optimisation is required to completely resolve this issue. Further steps to identify 'nonsense' genotypes of samples could be principal component analysis on the genotypes, to identify genetic outliers that either did not contain sufficient amounts of target DNA or were not of the target species (Kraus et al. 2012 ). Assay failure rates are relatively low, and error rates are far below those reported in the literature for traditional microsatellite systems. Additionally, our method is cheaper, faster, requires less handling and offers easy standardisation between laboratories. Having now adopted and evaluated the method, details for implementation as a routine monitoring system remain to be resolved in future studies, including the integration of sex determination, SNPs specific for certain mitochondrial haplotypes or functional SNPs. Matching individual genotypes to assign samples to individuals may be possible even in the presence of missing data or error rates found in this study (Galpern et al. 2012) . For instance, two samples of the same individual may display a certain number of mismatches (considering our error rate maybe in the range of 0 5%), but two samples of two different individuals should always display many more mismatches. However, detailed evaluation of how this genetic finger-printing functionality will be possible is out of scope for this study and also part of future investigations.
The coming years will see a shift in genetic monitoring methods due to technological advancements at both the genotyping and the marker development level. After many years of being advocated as a superior alternative to microsatellites for many applications, we expect that SNPs will now finally make their way into routine noninvasive wildlife monitoring. Our method is applicable to basically any organism once SNP markers are available. Such marker sets can be developed with relatively little effort from existing large-scale SNP chips where applicable (cf. this study), or developed de novo by exploiting next-generation sequencing technologies (Davey et al. 2011; Kraus et al. 2011; Ogden 2011; Seeb et al. 2011) . Table S1 can be found online with the study; files of sample and SNP lists, and raw genotype files are deposited on Dryad under doi:10.5061/dryad.2vq52.
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